Abstract: Sustainable forest management is hugely dependent on high-quality estimates of forest site productivity, but it is challenging to generate productivity maps over large areas. We present a method for generating site index (a measure of such forest productivity) maps for plantation loblolly pine (Pinus taeda L.) forests over large areas in the southeastern United States by combining airborne laser scanning (ALS) data from disparate acquisitions and Landsat-based estimates of forest age. For predicting canopy heights, a linear regression model was developed using ALS data and field measurements from the Forest Inventory and Analysis (FIA) program of the US Forest Service (n = 211 plots). The model was strong (R 2 = 0.84, RMSE = 1.85 m), and applicable over a large area (~208,000 sq. km). To estimate the site index, we combined the ALS estimated heights with Landsat-derived maps of stand age and planted pine area. The estimated bias was low (−0.28 m) and the RMSE (3.8 m, relative RMSE: 19.7%, base age 25 years) was consistent with other similar approaches. Due to Landsat-related constraints, our methodology is valid only for relatively young pine plantations established after 1984. We generated 30 m resolution site index maps over a large area (~832 sq. km). The site index distribution had a median value of 19.4 m, the 5th percentile value of 13.0 m and the 95th percentile value of 23.3 m. Further, using a watershed level analysis, we ranked these regions by their estimated productivity. These results demonstrate the potential and value of remote sensing based large-area site index maps.
Introduction
Spatially explicit maps of forest productivity are compelling to forest stakeholders for several reasons. First, sustainable forest management is generally highly dependent on site productivity measures as they significantly influence silviculture-related decisions such as treatment and harvesting schedules [1, 2] . In particular, accurate forest productivity maps, especially those delineating poor productivity areas, can provide salient inputs for precision forestry, such as spatially specific management interventions (such as fertilization, herbaceous weed control and density management) on forest stands [3] . Second, forests in the southeastern part of the United States constitute large carbon stocks (estimated at around 36% of conterminous U.S. forest carbon [4] ) and they absorb a sizable amount (around 13%) of regional greenhouse gas emissions [5] . However, some model-based estimates under climate change scenarios suggest that the magnitude of these carbon sinks could be significantly diminished in the future in the face of climate change [6] . Hence, there is a need to better understand current forest productivity levels at local and regional scales. To monitor forest site productivity (the potential of a site to produce biomass; see [7] ) accurately, spatially extensive maps are needed that can be updated over time. Finally, spatially extensive site productivity maps are also useful for calibrating models related to land-use and land surface processes [8, 9] .
Site index (SI) is defined as the average total height that dominant and co-dominant trees are projected to reach in well-stocked, even aged stands at a given base age (usually 25 or 50 years) [10] . Site classification by such stand height (i.e., site index curves) has become a universal practice in forestry and is recognized as one of the most suitable indicators of site productivity in even-aged forest stands [7] . A sizable proportion (around 30%) of southeastern US forests are dominated by the genus Pinus ("pine"), with around 10 million hectares in naturally regenerated stands and another 14 million hectares in plantations [11, 12] .
The spatial distribution of forest productivity or site index in this region has been studied over the past three decades using two distinct approaches: the theoretical model approach and sampling based approach. The theoretical model approach consists of developing spatially explicit models for pine forests in this region. Parametric and non-parametric empirical models that relate measured site index to biophysical variables (climate, edaphic, and physiographic factors) on a large scale have been developed [13] . A version of the dynamic, process-based 3PG model customized for loblolly pine has been developed and validated over a range of sites in Georgia, USA [14] . However, in these efforts, the prediction estimates are potential productivity or the productivity under the assumed plantation coverage area and management regimes. A different value of productivity might actually manifest on the landscape, known as expressed site productivity. This is the productivity which results after silvicultural treatments [15] . A promising method to make potential productivity estimates more realistic is to constrain model parameters using observational data via data assimilation techniques [16] . Of course, the quality of such an exercise depends on the amount, quality and sample representation of available observations. In the sampling plot based approach, the variation of expressed pine productivity over a wide area in the Southeast is analyzed using plot-level field-measured data. For example, Jokela et al. [17] analyzed seven studies across the natural range of loblolly pine to examine factors that control and limit the productivity of managed stands. Another similar region-wide study of thirteen loblolly pine plantations spanning seven southern states and four physiographic provinces primarily looked at the effects of controlling competing vegetation [18] . Changes in expressed site productivity over the geographic range of loblolly pine were reported by Zhao et al. [11] , detailing an extensive analysis that involved six long-term studies and over 250 plots.
However, while there have been quite a few sampling plot based studies, the potential of remote sensing techniques for site index prediction for this region has not been studied. The generation of a site index map for a relatively large area by such techniques would identify regional spatial trends in productivity and help to target management interventions in low-productivity forest stands. There has been prior work regarding prediction and verification of site index from ALS data in other regions. One of the first articles that describes explicit ALS-based site index mapping was by Gatziolis (2007) for a temperate rainforest site [19] . Wulder et al. [20] combined ALS-measured tree heights with inventory age information to predict site index for a 2500-ha forested area in British Columbia, Canada. Tompalski et al. [21] detailed a more involved study in the same region, where both ALS and Landsat time-series data were used together to predict site index over 100 square km of western hemlock dominated forests (RMSE = 5.55 m). In a recent study, Kandare et al. [22] outlined a method by which both age and dominant height were predicted using ALS and hyperspectral data, which was then used for site index estimation. Stand register-based age data has been combined with single-date [23, 24] and multitemporal [25] ALS data to generate spatial maps of site index. As part of a study conducted at the Clemson experimental forest in USA, Lidar-derived site index estimates were compared to those from field soil-survey data [26] (41 forest stands involved). The authors reported significant differences between these two estimates for loblolly pine, but less so for some other species.
However, none of these ALS-based studies address the unique challenges of the southeastern USA, namely: (1) The lack of a homogeneous, large-area ALS acquisition effort, thus necessitating the need to combine disparate ALS projects (acquired mostly for non-forestry purposes with diverse sensors and acquisition parameters); (2) The lack of standardized planting records for deriving stand age (as those used in [19, 20, [23] [24] [25] ); and (3) A heterogeneous management landscape. In other words, the area involved in our study is much larger than the previous ones (hundreds to thousands of square kilometers, in our case), with accompanying issues and challenges.
In this study, we focus on even-aged, planted pine forests managed at varying levels of intensity. Recent work relevant to the unique challenges of the Southeast was described by Gopalakrishnan et al. [27] , where it was shown that accurate models of dominant canopy height could be formulated over as much as 76 disparate ALS projects. Further, they also showed that canopy heights are better predicted for softwoods and over more homogeneous forested areas, as has been done by others [28, 29] . We leverage on these two key insights in the design of this present study. Moreover, forest ages can be predicted with reasonable accuracy for a large area in the southeastern USA using Landsat time series data [30] . Furthermore, such time series data can be combined with other spectral data to identify planted pines [31] . Repeated ALS data collection is planned for this area in the future; the United States Geological Survey (USGS) is coordinating an inter-agency effort aiming to periodically collect ALS data for the conterminous United States [32] , thus adding to the relevance of our work.
The objective of the present study is to determine whether site index for loblolly pine could be accurately estimated and mapped using disparate discrete return ALS datasets combined with Landsat-derived estimates of forest stand age. We try to answer the following specific research questions:
1.
How effective is ALS data collected via disparate projects coupled with Landsat-based forest age products in predicting site index for pine plantations? 2.
What is the distribution and regional spatial pattern of site productivity?
Hence, by asking these questions, we aim to evaluate ALS data collected over large areas (mainly for topographical mapping) as another tool that can be used to understand and analyze local and regional trends in southeastern USA forest productivity.
Methods

Study Area
Our study area focused on all even-aged pine plantation forests in the area of ALS coverage (see Figure 1) . The selection criteria for the ALS projects used are explained below.
Remote Sensing Datasets
The following three datasets were used in our study:
1.
ALS data: We considered many ALS data acquisition projects that: (1) were available in the public domain as of 2011; (2) were from the southeastern states of the USA; (3) had recorded multiple returns (i.e., two or more) for each pulse; and (4) contained at least one FIA plot with pine plantation, in their area of coverage (see below). This resulted in 38 projects being finally selected, spread across eight southeastern states (Virginia, North Carolina, South Carolina, Georgia, Florida, Alabama, Mississippi and Texas), as shown in Figure 1 . We used georeferenced point-cloud data from these projects. Their acquisition dates ranged from 2005 to 2012, and 31 of these projects used instruments capable of recording up to four returns. 
2.
Landsat-based prediction of plantation age: The vegetation change tracker (VCT) algorithm is a fairly well-established and extensively tested technique that effectively leverages multitemporal Landsat data (both Landsat 5 TM and Landsat 7 ETM+; 1984-2011) to detect disturbances to forest stands (such as clearcutting) [33] . Recently, additional steps that partitioned such disturbances into stand-clearing ones (i.e., clearcuts) and non-stand-clearing ones (such as thinning, insect damage and ice damage) were proposed as part of an enhanced vegetation change tracker algorithm (henceforth, eVCT) [30] . Identifying and demarcating the stand-clearing disturbance helps delineate the stand, and the number of years since disturbance is a good proxy for stand age. All pixels in a particular delineated stand are given a single value of year of disturbance (and hence, age).
3.
Landsat-based identification of planted pine stands: We used a map of planted pine forest stands in the southeastern USA generated by a combination of spectral and multitemporal Landsat data [31] . The following were the prominent datasets used in this classification: . A decision tree model was developed using these datasets as well as a combination of plot-level forest type data and Google Earth imagery for training and verification. From the generated map, it was estimated that about 28% of the total forest area of southeastern USA is covered by pine plantations.
Canopy Height Model
We first developed an ALS-based dominant canopy height model for pine plantations that was applicable over the ALS coverage area shown in Figure 1 . The field data for this effort came from the Forest Inventory and Analysis (FIA) of the United States Forest Service [35] . We used FIA's phase 2 (P2) plots. Figure 2 shows the nationally standardized layout for these plots. As part of the inventory, all standing trees of diameter at breast height greater than or equal to 12.7 cm (5.0 inches) are measured or estimated for tree height. The stated accuracy of such field height measurements is ±10%. This is expected, as field height was measured using clinometers and there are limitations to these instruments in closed-canopy forest conditions. We also had access to the field-recorded GPS co-ordinates of the plot centers (i.e., unaffected by "fuzzing and swapping"), thus co-registration of these plots with ALS data was good.
We used a square plot size 30 m to cut out the ALS point cloud; this size was chosen as the other two Landsat-based data sources had map resolutions of 30 m. This plot was oriented such that two edges were along the north-south direction, and two along the east-west direction. The position of this square ALS plot with respect to the FIA plot elements is shown in Figure 2 . The corresponding field plot for this effort is subplot 1 from the FIA, a circular plot of 7.32 m (24.0 feet) radius, centered at the center of the FIA plot.
We applied the following criteria to select FIA plots in the Southeast region, as per our domain of interest (planted pine forests):
The plots had to be single-condition. "Condition" is a term used by the FIA to refer to major land-use types on the plots [35] . A consequence of FIA's plot center randomizing strategy is that some plots can straddle multiple land-use types (e.g., a plot may be 70% pine stand, 20% hardwoods stand, and 10% water). Hence, we filtered out such non-homogeneous plots.
2.
The plot was marked to have clear evidence of artificial regeneration (i.e., it is a plantation).
3.
The pine species basal area of the plot (percent) was ≥95% of total basal area on the plot. 4.
ALS data within two years from the year of visit and measurement of the FIA plots are available. That is, there is a maximum of ±2 years difference between the years of ALS acquisition and of FIA field measurement. After applying these conditions and after screening out plots that were either clear-cut between field measurements and ALS acquisition and plots with few uneven-aged trees, we had 211 FIA plots left, spanning 38 different ALS projects. We extracted ALS plot point clouds for each of these 211 FIA plots from our ALS data using lastools (http://rapidlasso.com/lastools/). At this point, one should note that co-registration errors are an issue given that GPS instruments used by FIA are not survey-grade. However, McRoberts et al. [36] reported that most positional errors are within 15.0 m, and later estimated that most are within 7.0 m (M. Russell, personal communication, October 2015). Hence, the relatively large size of the ALS plot (compared to the FIA center subplot) and the homogeneous nature of the forest stands selected (i.e., were single-condition) addresses the co-registration issue adequately (to a large extent). Some of the salient ALS acquisition related statistics are given in Figure 3 for a better understanding of the quality of lidar data available over these plots. For each ALS point cloud (corresponding to the ALS plots), we derived the canopy height using the following processing steps:
1.
Ground classification, using the lasground tool of lastools (http://rapidlasso.com/lastools/). 2.
The understory points were identified, using a threshold of 3.0 m. This threshold was determined after inspecting 12 FIA plots (of the 211) for which understory height information was available from the FIA. 3.
ALS distributional metrics: The standard percentiles of height above ground (h 5 , h 10 , h 20 , etc.) were extracted from the point cloud (using MATLAB v7.14, 2012), after excluding understory points.
4.
The dominant height of all trees on our field plot (subplot 1 of the FIA) was calculated as the average height of the five tallest trees on that subplot. We used the FIA's HT variable, in the TREE table.
At this point, we had a set of square ALS plots of 30 m size with associated field-measured dominant heights. First, pairwise correlations between the percentiles of height (h 5 , h 10 , h 20 , etc.) and the plot level dominant height were examined to select the most correlated percentile metric. Then, an OLS (ordinary least squares) based bivariate linear regression model was developed between this metric and the field-measured dominant height. We avoided a direct estimation of dominant height from ALS height percentiles (e.g., see [20] ) to avoid systematic, project-dependent bias in height estimation. This was also motivated by considering the differences in acquisition types and prevalence of low point density (see Figure 3) . We instead depended on field plot data and regression models to generate dominant heights from ALS data, thus closely following the methodology outlined by White et al. [37] .
Generation of a Sample Site Index Map from ALS and Landsat Data
The generation of canopy height maps for the entire ALS coverage area shown in Figure 1 was beyond the scope of this initial study, especially as it would involve processing a relatively large amount of data (a few terabytes). Hence, we decided to concentrate on the smaller region shown in blue in Figure 4 . These two regions had large, contiguous LiDAR coverage, were geographically well-separated and represented a wide range of site conditions. We generated site index maps for all pixels labeled as planted pine by Fagan et al. [31] in this region. Here, plantations are almost always of the loblolly pine species (for a detailed study on the ecology and culture of this species, refer to [38] ). To confirm this, we looked at the dominant species classification (as recorded by the FIA crew) for the 211 FIA plantation pine plots (as of 2009) in the entire region of ALS coverage (Figure 1 ). Approximately 94% of these plots were loblolly pine and 5% were longleaf pine (Pinus palustris Mill.).
To estimate site index, we used a dynamic site index equation based on a long-term loblolly pine plantation study that used many (n = 186) permanent sample plots [39] . These plots adequately sampled the loblolly pine range stretching from Virginia (in the east) to Texas (in the west). The equation developed by that study is:
where X 0 is given by:
where SI is site index (in feet), dh is dominant height (in feet), age is age of forest stand (years) and ba is base age (in years; 25 in our case). Site index estimated by Equation (1) is in feet, and we subsequently converted it to meters; all site index values reported by us henceforth are in meters using a base age of 25 years (unless specified otherwise). For site index estimation, we only considered stands that were at least 15 years of age, as such estimates are more reliable for such older stands (as the site index curves flatten out as age increases). Recall that every pixel inside a particular eVCT-delineated stand is given a single value of age, hence intra-stand variations in SI are purely due to height differences. The site index was calculated for each 0.09 ha (30 × 30 m) Landsat pixel inside these forest stands.
The workflow for the generation of this map is shown in Figure 5 . Step 5: Predict year of planting (varies from 1984 to 2010) for each pine pixel [30] Step 1: Extract lidar plots spatially corresponding to (FIA) field data
Step 3: Get pixels classified as "planted pine" [31] in the area of lidar coverage
Step 2: Develop suitable statistical model to predict dominant height from lidar
Step 6: For each planted pine pixel, we have predicted (at the time of lidar acquisition): (a) dominant canopy height, (b) age. Select pixels with associated predicted age between 15 and 30 years. Calculate site index, assuming suitable species
Step 4: Use model (from step 2) to predict dominant height over planted pine pixels 
Accuracy Assessment of Site Index Predictions
We used a Monte-Carlo approach to estimate the accuracy of the site index map. This method has been used in other remote-sensing based studies to propagate uncertainties in model input parameters [40] . This approach is popular when the output (site index, in our case) is a complex function of the inputs and when the distribution of the errors in the inputs are independently known or can be estimated.
In our case, the dynamic site index equation [39] states that:
The error distribution of the two right-hand-side components of Equation (3) are estimated in the following way:
Dominant height: This would be a normal distribution of mean 0.0 and standard deviation (σ) equal to the root mean square error of the OLS-based linear model.
2.
Age, predicted by eVCT: For this, we used the following independent ground-truth sources:
(a) Appomattox-Buckingham State Forest plot set: This is a set of 23 loblolly pine forest plots located in stands of known age in central Virginia, USA [41] . We have good estimates of the age of these stands, based on quality-checked planting records. However, these plots are relatively few in number and their coverage is geographically limited.
FIA plot set: This is a set of 75 FIA plantation pine plots for which ages (year of planting) were available. The accuracy of these is variable, as the availability of planting records and reliable tree core data is limited. The lack of agreement between the FIA field estimates of age and eVCT is assumed to be due to erroneous eVCT ages. Note that this may not always be true, especially given the uncertainty in FIA age estimates.
The error distribution in the eVCT-based age was then estimated by randomly sampling among these plots, and getting the difference between the ages.
We performed 10,000 Monte-Carlo trials. For each such trial, a paired set of (ŷ i , y i ) values were generated, whereŷ i is the ALS-based site index prediction, y i is the estimated reference value (obtained using the estimated error distributions above) andȳ is the average of all generated reference values. The bias, the RMSE and the relative RMSE (%RMSE) were then calculated using standard formulas:
HU-Based Spatial Aggregation
We then spatially aggregated the pixel-level site index values to distinct hydrological units (corresponding to watersheds, henceforth HUs), a biophysically meaningful unit of aggregation for regional-level forest vegetation studies [42, 43] . This was done by calculating the mean value of all sample points in an HU. Such aggregation also helps in better visualization, i.e., enabling the reader to visually discern distinct spatial trends (e.g., of the average SI per HUC) over the entire study area from the map. The 12-digit hydrologic unit (HUC-12) was the unit of aggregation used.
The spatial aggregation operation on the site index raster was done using 50,000 sample points, for better computational tractability. We also overlaid level two (L2) ecological regions from the US Environmental Policy Agency (EPA) [44] over the maps generated as they have been used previously to partially attribute measured plot-level differences in forest productivity [45, 46] . There are two such ecological regions within our ALS coverage area; the EPA labels them as "Mississippi alluvial and Southeast USA coastal plains" (along the coast, henceforth referred to as "coastal plains") and the "Southeastern USA plains" (in the interior, henceforth "southeastern plains"). The Kruskal-Wallis rank-based test was used to ascertain if the differences in means noticed at the HU level were statistically significant. Then, the Steel-Dwass all-pairs test (a non-parametric version of Tukey's HSD test) was used to identify groups of HUs with such statistically significant differences in mean site index values. Both statistical tests were done using the 50,000 sample points mentioned above (each such point being labeled with the HU with which it is associated).
Results
Canopy Height Model
We selected the 70th percentile of ALS heights (h 70 ) as the independent variable for the regression model after examination of the correlation between plot-level ALS distributional metrics and dominant canopy heights. The correlation of h 70 with dominant heights over all plots was 91.9%.
The linear regression model formulated has the form:
The R 2 of the fit was 0.84, the RMSE was 1.85 m and the bias was less than 0.0001 m. In addition, h 70 was highly significant (p < 0.0001). The scatterplot illustrating the fit can be seen in Figure 6 . 
Accuracy Assessment of Site Index Map
The accuracy of site index values generated was assessed using the methods outlined in Section 2.5. We used:
1.
The Appomattox-Buckingham State Forest plot set: The bias of calculated site index was estimated to be −1.0 m, the RMSE estimate was 3.0 m, and the relative RMSE was 15.1%. 2.
FIA plot set: In this case, the estimated bias was −0.28 m, the RMSE was 3.8 m, and the relative RMSE was 19.7%.
We generated a site index map as per the steps outlined in Section 2. A total of 22,027 plantation pine forest stands of ages between 15 and 27 years (at the time of ALS acquisition) were identified by the combination of eVCT [30] and Landsat-based pine stand identification algorithms [31] . The site index was predicted at the individual Landsat pixel level; that is, for a total loblolly pine forest area of approximately 832 sq. km. As the generated site index map is too large and too sparse for presentation in its entirety, we show a sample section in Newberry County, South Carolina (see Figure 7) . The distribution of site index can be seen in Figure 8 . The point-level SI values were aggregated to the HU level ( Figure 9 ). The Kruskal-Wallis test and the Steel-Dwass all-pairs test indicated that all pairs of HUs had statistically significant differences in their mean site index values. One can see in Figure 9 that most of the HUs had SI values between 15.1 and 26.0 A distinct divide can be noticed with respect to the ecoregions. That is, almost all the high site index HUs were in the coastal plains (near the eastern coast) while almost all the low site index HUs were on the west side of the study area, in the southeastern plains ecoregion. This may indicate that coastal plain soils and climatic conditions are better suited for loblolly pine growth. HUs that have lower site index seemed to cluster together, possibly indicating that their performance was more strongly linked to broad geographic reasons, rather than site-specific management ones. The polygon with the pink outline roughly demarcates the South Carolina sandhills region, where low productivity has been documented [47] . The general region pointed to by text "R1" in the map, i.e., the 6-7 HUCs with estimated low productivity (18.0 and lower) all seem to lie in this region. This seems to indicate that our ALS-based site index map can effectively identify regions of low productivity.
Discussion
In this study, we combined various remote-sensing products to generate a planted pine site index map for large areas of the southeastern USA. The accuracy of the map is contingent on several factors: (1) the accuracy of the planted pine map used [31] ; (2) the correctness of the assumption that all planted pine is loblolly pine; (3) the regional applicability of the site index equation form [39] ; and (4) the accuracy of both the age and height estimations. The species assumption we made is that all plantation pine in Figure 4 area is loblolly pine. This is not the case; a small number of longleaf pine plantations are also present in that area (estimated to be around 5% by us). Nevertheless, these two species have similar growth patterns [48] and hence the errors associated with these assumptions are not expected to be large. Future refinements to the algorithm used for selecting planted pine may allow for selection of pure loblolly pine pixels.
Although the site index equation used here was from a study covering much of the native range of loblolly pine and age classes [39] , it may not be representative for some forest stands. An alternative way to make site index predictions is the guide curve method [21] , where a one-time measurement of a large sample of trees is used to construct a site index model. Our methods are more similar to those of Wulder et al. [20] where prior site index equations (for specified species) were applied to ALS predictions of stand height and inventory-based stand ages. Another study which is similar to us (but involving a smaller area) is Noordermeer et al. [49] where two different methods for site index estimation are presented, given bitemporal ALS data: (1) by regressing field observations of SI with ALS-derived canopy height metrics; and (2) by selecting the site index curve that best explains the observed (bitemporal) difference in dominant heights.
In the rest of this section, we revisit our two research questions and discuss several caveats associated with them. We also explore some additional uses of our site index maps.
Efficacy of Site Index Maps Based on Disparate ALS Projects Data and Landsat
Our site index estimates are minimally biased (Section 3.2) with an accuracy consistent with other similar approaches. This affirms that one can use low pulse density ALS data from disparate projects combined with Landsat-based age maps to reasonably predict site index over large areas. Our accuracy estimates compare favorably with levels reported by Tompaski et al. [21] (bias = 0.7 m, RMSE = 5.5 m, base age = 32 years), who used similar remote sensing data sources for site index prediction. Figure 6 shows that dominant heights could be well-predicted from ALS data, which contributed to overall stronger models.
Site index predictions are sensitive to errors in associated predictions of forest stand age. To further understand and quantify this in our case, we analyzed the agreement of forest stand age estimates (predicted by eVCT using remote sensing techniques) to those based on planting records or field visits ( Figure 10 ). Age predictions of eVCT were found to be relatively unbiased, which partly explains the low bias of our site index predictions. The absolute age bias of approximately 1.1 years in both cases shown in Figure 10 is similar to the bias of 2.2 years reported by Tompalski et al. [21] , who used fixed disturbance index thresholds to detect stand-clearing disturbances from Landsat time-series maps (and age was deduced). In Figure 10b , one can notice that many plots were assigned an age of either 24 or 26 years. This is to be expected, considering the following: (1) 1984 was when Landsat 5 data became available, and, as such, is the beginning of the VCT time series; and (2) as a result of some design considerations, VCT tends to assign high disturbance magnitudes at the beginning of the analyzed time series in some instances [33] . This translated into clearcuts being over-detected during 1984. Nevertheless, as time advances, there would be fewer and fewer planted pine stands that were last harvested in 1985, 1984 or earlier, thus the ability for eVCT or other techniques to estimate age is expected to increase. In the case of FIA data (Figure 10b ), spurious age relationships seen are probably a product of eVCT errors (some caused by the VCT algorithm itself and some by the inherent noise found in Landsat data), imprecise FIA plot coordinates and inaccurate FIA age estimates. Because neither the FIA coordinates, age estimates nor eVCT have measures of error associated with them, it is difficult to parse out the main driver of the discrepancy.
We further looked at a small set of planted pine plots (n = 19) where both site index predictions from ALS and field based site index estimates from FIA were available (Figure 11 ). The R 2 of the fit was low: 1.8%. Similar regressions of ALS-derived site index with values from forest inventories have produced either low (0.03 in [20] ) or moderate (0.42 in [19] ) R 2 values. Nevertheless, in our case, if one considers only field plots where both age estimates are within ±5 years in Figure 11 (n = 12), the R 2 of the fit improved to 46%; similarly for ±3 years (n = 9), the R 2 was 77.5%. This can be seen in Figure 11 , where plots with similar age estimates (from eVCT and FIA) tend to be near the 1:1 line, which shows that age discrepancies are likely a major cause of the overall lack of fit. Over-detection of disturbances in 1984 (see discussion above) is clearly responsible for many age discrepancies. Other likely causes have to be further investigated. Figure 11 also implies that dominant heights are well-predicted from ALS data. This is in agreement with previous literature indicating that ALS estimates of plot-level height metrics are accurate [27, [50] [51] [52] . 
Distribution and Regional Patterns of Productivity
It is forecast that the area of planted pine land use in southeastern US could more than double in the next 40 years. That is, it is expected to grow from 19% of the total forest area (thus, from 16 million ha of planted pine in 2010) to between 24% and 36% by 2060 [12] , which highlights the relevance of this research. In Section 3, we outline the distribution and broad aggregated spatial pattern of current site productivity over large areas of this region. Confidence in our productivity estimates are further increased by the fact that the broad spatial trends of site index seen in Figure 9 are quite similar to a region-wide site index map derived from a a biophysical model, as illustrated in [16] (see Figure 3d in that article). Further work is needed wherein HUs registering low site index in Figure 9 should be investigated and considered for possible management and policy interventions. For example, macronutrient addition has been found to be widely effective; a large and consistent growth increase (around 25%) after mid-rotation fertilization with nitrogen and phosphorous has been reported on the majority of soil types [53] . Deficiencies of other nutrients such as potassium, calcium, copper and boron have also been implicated [54] . Other soil-related issues pertinent to pine plantations such as texture, compaction, soil aeration and moisture and pH value [55] may be harder to address. This may be the reason Zhao et al. [11] reported that as much as 26% of plots was found to have poor response to treatments (such as nutrient additions) on a regional level. Nevertheless, there seems to be ample scope for additional management interventions in the region; for example, it was reported by Han et al. [5] that the percent of regional total greenhouse gas emission sequestered by forests in 11 southeast states could be increased from 13% to 23% through proper policies and using best land management practices.
Contrasting Current and Historical Site Index Levels
An interesting question that arises in the context of our estimated site index distribution is whether it can be contrasted to historical estimates, and whether significant productivity changes can be detected over the large spatial scales analyzed. To address this question, we obtained historical loblolly pine site index values for the region from the USDA Natural Resource Conservation Service's Soil Survey Geographic Database (henceforth, SSURGO) [56] . These data were originally collected by first defining small-scale soil polygons over the whole landscape and then defining a good representative pine site index value for each such polygon (for base age of 50 years). As these data were mostly collected in the 1960s and 1970s, they are a good representation of the site index that had prevailed during those times. Loblolly pine site index was converted from base age 50 to 25 by using the base age invariant site index model developed by Dieguez-Aranda et al. [39] . We then estimated the change in site index over the region over the past four decades by subtracting the SSURGO site index from the ALS-predicted site index (at each of the 50,000 sample points mentioned in Section 2.6). The result of such a subtraction should be viewed with discretion, as we elaborate below. Nevertheless, a similar comparison of present-day SI values with historical SSURGO has been described in [26] . We aggregated differences in site index to the HU level, as before ( Figure 12 ). The Kruskal-Wallis test and the Steel-Dwass all-pairs test were again used to confirm that there were significant differences between all pairs of HUs.
A histogram of the difference between ALS predicted loblolly pine site index and SSURGO estimated site index is shown in Figure 13 . A general increase in site index is noticed for the whole region, which could be mostly attributed to management interventions [11, 53] , although the increase in carbon dioxide concentrations [43, 57, 58] , temperature and nitrogen deposition [59] may be factors. Our estimates of the region-wide increase in site index compare well to a similar estimate by Subedi et al. [60] . In that article, the authors compared the current site index value with that of SSURGO-based values for various loblolly pine stands across 21 study sites, spanning the geographic breadth of the Southeast. They found that site index had increased by around 5-7 m (on average) on these stands. This compares well with the increase that we observed over the whole region (mean = 2.8 m, median = 3.2 m, see Figure 13 ). Further, it should be noted that we estimated a negative bias of approximately 0.3-0.7 m for our site index prediction method (see Section 3.2), which means that the actual increase could be closer to 3.5 m. Nevertheless, it should be noted that different methods were used for estimation of SI, in the case of our effort and that of SSURGO. Hence, these comparisons contain uncertainties that are unaccounted for and hence should be viewed and analyzed with caution. However, a similar comparison was reported by Ham et al. [26] , who found both lidar-derived and inventory-based modern-day site index (i.e., of approximately 2010) to be significantly different from SSURGO (higher in almost all cases). A strong trend of large productivity increases in the western interior parts can be seen in South Carolina ( Figure 12) ; this seems to indicate that management interventions may have been most effective on the poorer soils of those interior regions. In addition, around 16% of our sample points registered a decrease in site index over the years. A similar phenomenon has been reported by Zhao et al. [11] where they report that as much as 26% of the 850 plots surveyed had a near-zero or negative increase in site index. 
Forest Productivity Maps: Other Utilization Avenues
Some possible alternate uses of productivity maps (such as ours) warrant mention at this point. These estimates could be used to deduce the intensity of management for specific sites. Again, the modeling community could also benefit from such site index maps: two classes of models that could be better calibrated and validated with such maps are forest productivity models and regional wood supply models. For example, Subedi et al. [60] pointed to a mechanism by which stand-level forest productivity could be predicted (and updated for changing climate conditions and management regimes) for loblolly pine stands on a regional scale. They proposed a method by which SSURGO-based soil fertility rating could be used as input to 3PG lob , a loblolly pine productivity model. Our site index predictions would be useful as validating reference data for such efforts. Recently, there have been promising efforts in the direction of model-data assimilation for ecological forecasting [16] . In general terms, our remote sensed productivity estimates could contribute as "proxy" observational data, in such contexts.
The results of this study have the following implications: (1) ALS acquired via disparate projects for mostly non-forestry purposes (such as topographic mapping) can be used to generate planted pine dominant height maps over large areas, (2) Such maps can be combined with stand age derived from Landsat-based land-cover tracking algorithms, enabling periodic assessment of site index trends for large areas, especially given that site index is a dynamic quantity and may need such updates [20] , and (3) A large proportion of planted pine forests in southeastern United States has low site index and may have a sizable potential for additional carbon sequestration through better management interventions. Moreover, we hypothesize that pine site index seems to have largely increased in the region, with considerable differences between historical (1960 and 1970s) and recent (circa 2010) productivity estimated. The magnitude of this calculated increase is higher towards the interior regions.
Conclusions
In this study, we presented and evaluated a method to generate site index estimates over large areas in the southeastern U.S., an important region with respect to carbon sequestration and forest plantation activity. Our method generates productivity maps only over relatively young pine plantations established after 1984, due to constraints in age-related remote sensing products. The error associated with these estimates were shown to be comparable to similar approaches, hence the site index maps generated provide a realistic picture of the broad spatial trends of productivity over the region. Several areas were identified as having low productivity in Virginia and South Carolina, which might have important ramifications for land-use policy makers and forest managers. Further research aimed at understanding the observed spatial patterns of pine productivity could lead to important insights pertaining to forest ecology and socio-economics of forest management practices.
